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Abstract. Image diagnosis is the task in which a physician searches for
abnormal findings on the medical images that potentially involve a large
amount of anatomical and pathological information, and identifies dis-
eases from such findings. Since this task aims to reduce the risk (e.g.,
insult or death) that will occur in the near future, it can be seen as a case
of chance discoveries. To investigate the cognitive process underlying the
task, we conducted an experiment in which two independent physicians
diagnosed the same CT images. Analysis of disagreements about final
diagnosis and verbal protocols revealed that when observing the CT im-
ages on which one disagreed with the other, the physicians engaged in
iterative cycles of the image-feature search and the schema construction.
The result suggests the importance of investigating cyclic interactions
between humans and environments when considering chance discovery.

1 Introduction

A chance is an event that can affect the near future, and that involves oppor-
tunities and risks for human decision-making [1]. Discovery of a chance and its
impacts on the future are defined as follows:
Meaning of a chance = {X: An encountered event,
Y: A cause of X,
Z: A future scenario caused by Y,
S: A future scenario caused by changing Y.}
Here, focusing on X is called chance discovery, and deriving S by searching Y
from X is called scenario creation. The goals of the studies on chance discovery
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Table 1. Materials

Clinical histories of patients Aims of investigation
C 1 Pneumonia or previous inflammation in the left  Screening.
lingula.
C 2 Shadow in the left upper lobe. Excision of the  Examination of the left up-
right upper lobe due to pulmonary tuberculosis.  per lobe.
Cancer of lower pharynx.
C 3 Interstitial pneumonia. Follow up.
C 4 Lung cancer in the left lung. Follow up.
C 5 Bladder cancer. Search for metastasis in the
chest.
C 6 Synovial sarcoma of the chest wall. Search for recurrence or
metastasis.
C 7 Pulmonary tuberculosis. Post-treatment examination
C 8 Emphysema. Follow up.
C 9 Chronic hepatitis. Mesh shadow in the left lower =~ Examination of the shadow.
lung.
C10 Post-operation for thyroid cancer. Search for metastasis.
Note. C=Case.

are to find cognitive factors that enlarge the difference from Z to S and to develop
tools to support such activities.

In this paper, we report our experimental study on medical image diagnosis
as a case of chance discovery. Image diagnosis is a task in which a physician finds
abnormal findings on medical images, such as X-ray films or three-dimensional
(3-D) X-ray CT (Computed tomography) images, and identifies what disease
affects the patient. Based on the above framework, medical image diagnosis is the
task that aims to change the future from Z (neglecting diseases) to S (treatment
of diseases) by finding X (abnormal findings on the images) and identifying Y
(patient’s diseases). Therefore, this task can be seen as a typical case of chance
discoveries.

Investigating a physician’s cognition of image diagnosis is also important
from the viewpoint of medical support. Recently, medical images mainly used
for diagnosis have been changing from X-ray films to 3-D CT images. Although
3-D information provided by CT images enables a physician to observe abnor-
mal features precisely, such large amounts of information has considerably in-
creased the physician’s workload. Since it is important to find subtle signs of
malignancy from a large number of images, great expectations have been placed
on the development of medical support tools, called computer aided diagnosis
(CAD) system, to reduce diagnostic cost and improve the accuracy of image di-
agnosis. Developments so far include, for example, automated detection systems
for pulmonary nodules [2—4], quantification systems for emphysema [5], 3-D visu-
alization functions that support perception of anatomical structures in a human
body [6-8], and image-matching functions that prevent the missing of changes
in follow-up investigations [9-11]. However, most of these comprise “bottom-up”
functions that are based on analyzing physical values of images. Therefore the
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CAD systems present unnecessary or excessive information to physicians (e.g.,
false positives in nodule detection).

Thus we consider the investigation into the cognitive factors behind medical
image diagnosis to be important for developing more intellectual CAD systems.
In investigating a radiologist’s cognition, we do not regard it as one-way, bottom-
up process that the past CAD systems implicitly assumed, but regard it as an
iterative cyclic process that was discussed in Neisser’s perceptual cycle theory
[12]. Neisser defined the term perception as an interaction between an individual
and an environment, which is mediated by a schema. The term schema, he said,
means mental representations for estimating and interpreting environments. A
schema is also constructed by both pre-existing experience and available informa-
tion in environments, and it guides the search for information in environments.
That is, perception is dynamically generated through iterative cycles between in-
formation searches that are guided by a schema (top-down process) and schema
construction based on information in the environments (bottom-up process).

The perceptual cycle theory is suitable for explaining realistic and complex
perception influenced by contexts. For example, when one perceives ambiguous
figures that potentially involve multiple schemata, pre-existing expectations af-
fect what features will be focused on. Additionally, when one perceives novel
objects that one has not been familiar with, a schema will be instantiated incre-
mentally through searching for information about the objects. Thus, we consider
that this perceptual cycle theory suitably explains medical image diagnosis, in
which physicians view complex and ambiguous medical images.

As mentioned above, medical image diagnosis can be seen as a case of chance
discoveries. That is, searching abnormal findings corresponds to the discovery
of a chance X, and schema construction corresponds to identify a cause Y. Our
goal here is to demonstrate interactions between X and Y in image diagnosis,
based on the perceptual cycle theory.

2 Method

2.1 Materials and Procedure

Most of the past experimental studies on image diagnosis have focused mainly on
the bottom-up process. Many researchers have conducted experimental studies
manipulating physical features of medical images, and the studies have revealed
which physical features greatly affect visual searching and final diagnosis [13—
15]. Although some researchers have discussed the importance of the top-down
process [16], there has been insufficient investigation on interactions between
the two processes. Therefore, it is necessary to examine the cognitive process
underlying medical image diagnosis.

Our experiment was performed in a room located in the radiological depart-
ment at Nagoya university, where the participants usually work. In the experi-
ment, the participants were provided with tools that they usually used: a work-
station for displaying CT images, a reporting system that defines the format of
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Table 2. Examples of coding for medical reports

Physician 1la

Physician 1b

There is a nodule about 10 mm in diam-
eter in the peripheral right lung.

Its boundary is very clear.

It also contains an air bronchogram.
Endobronchial spread is suspected.

I can see no clear bronchodilation.
Micronodules are detected in the periph-
eral lingula, the peripheral right lung,
and the left upper lobe.

Tuberculoma is suspected.

There is an 1 cm circular nodule in
the S3 segment of the right lung.

There are satellite lesions surround-
ing the nodule.

It is highly possible that the nodule
is due to inflammation.

There is atelectasis in the lingula.
That involves bronchodilation.
There are many micronodules at the
right upper lobe and the S6 of the
right lower lung.

Atypical mycobacterial infection is

suspected.
There are no clear calcifications. 1
The axilla and the mediastinum contain  There are no abnormalities in the I
no enlargements of lymph nodes. mediastinum.

Note. I=IMAGE, S=SCHEMA.

medical reports, and a database system that includes clinical information about
the patients, such as electronic charts. To obtain realistic data for the diagnos-
tic process, we selected ten CT images from the ones for which no conclusive
diagnosis had been made as task materials (Table 1).

The participants were required to write medical reports about abnormal find-
ings and suspected diseases while viewing the CT images. Our experiment dif-
fered from usual diagnosis situations only in instructions for obtaining verbal
protocol data by producing a speech sound. The participants were instructed
to give talk-aloud protocols and to indicate where they are looking by using a
mouse pointer. We recorded all verbalizations, and videotaped the workstation’s
display.

2.2 Participants

Four physicians who specialize in radiology or pulmonology participated in the
experiment. They had at least two years of experience in image diagnosis. Two
of the four observed Case 1 to Case 5 individually, and the others observed
Case 6 to Case 10 individually. That is, under usual diagnosis situations, each of
the cases was diagnosed by two independent physicians. Hereafter, we call the
physician who diagnosed Cases 1 to 5 Physician la or Physician 1b, and those
who diagnosed Cases 6 to 10 Physician 2a or Physician 2b.



Table 3. The number of labels included in the reports
C1 C2C3C4 C5C6 C7C8 C9 C10 Sum

IMAGE AGREEMENT 6 10 6 12 4 4 2 2 4 2 52
CORRESPOND 2 0 0 0OO0O 00 O0 O 2
NON-CORRESPOND 3156 313 0 2 5 4 1 52

SCHEMA  AGREEMENT 2 8 2 4 2 4 2 6 2 2 34
CORRESPOND 04 0 2 2 0 00 0 O 8
NON-CORRESPOND 1 3 3 1 2 0 2 1 3 0 16

Note. C=Case.

Table 4. Agreement rates

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case 9 Case 10
IMAGE 0.55 0.32 0.51 0.67 0.25 1.00 0.50 0.35 0.53 0.75
SCHEMA 0.75 0.53 0.41 0.58 0.37 1.00 0.66 0.87 0.41 1.00

3 Results and Discussion

3.1 Medical reports

Analysis We analyzed each medical report (it is an official output of diagno-
sis), dividing the texts of the report into statements according to appearance of
predicates. All statements were labeled in the following two ways: First, each
statement was labeled as either an “IMAGE” or a “SCHEMA” based on the
perceptual cycle theory. The label IMAGE indicates a statement concerning a
physical feature of a CT image, such as size of a nodule, density of a shadow, and
distribution of shadows. The other label, SCHEMA, indicates a statement con-
cerning a physiological or pathological feature on a CT image, such as identifica-
tion of the disease, benign/malignant discrimination of a nodule, and speculation
about past surgery methods.

The second labeling aims to clarify how and why two physicians disagreed.
A disagreement between two physicians suggests that at least one made a false
diagnosis, or else one discovered a rare chance that the other missed. In that
sense, we consider that investigating disagreements will be important for studies
on both chance discovery and CAD. For analyzing disagreements, the statements
were divided into three categories. When two physicians gave a consistent value
or content in corresponding IMAGE or SCHEMA, the statement was labeled as
“AGREEMENT.” On the other hand, when two physicians gave a contradict-
ing value or content in a corresponding IMAGE or SCHEMA, the statement was
labeled as a “CORRESPONDING DISAGREEMENT.” If one physician’s state-
ment did not correspond to any statements by the other’s, the statement was
labeled as a “NON-CORRESPONDING DISAGREEMENT.” The label NON-
CORRESPONDING DISAGREEMENT indicates that two physicians focused
their attention on different image features or schemata. On the other hand,
CORRESPONDING DISAGREEMENT indicates clear contradiction between
physicians.

Table 2 shows an example of coding. The first and second columns indicate
statements of Physician 1a and Physician 1b, respectively, while the third column
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Table 5. Corresponding disagreements

Physician 1a Physician 1b
C1 I can see no clear bronchodilatations.  That involves bronchodilatations. I
C2 A primary cancer is most suspected. It may be an atypical lung cancer. S
There is also the possibility of metas-  There are no metastases from the S
tasis from hypopharynx. hypopharynx.
C4 Left upper lung was removed. Left lower lung was removed. S
C5 Possibility of metastasis from the  Possibility of metastasis from the S
bladder cannot be denied. bladder is denied.

Note. C=Case, I=IMAGE, S=SCHEMA.

indicates IMAGE/SCHEMA labels. Two statements that include a correspond-
ing IMAGE or SCHEMA are aligned with each other. Consistent statements are
shown in normal typeface (AGREEMENT) and inconsistent statements in ital-
ics (CORRESPONDING DISAGREEMENT). The NON-CORRESPONDING
DISAGREEMENT statements are aligned with blank cells.

Results Table 3 shows the number of labels included in the reports of two physi-
cians. In addition, we computed agreement rates of IMAGEs and SCHEMAs in
each case (Table 4). The perceptual cycle theory predicted that agreement rates
of IMAGESs would positively correlate with the agreement rates of SCHEMASs,
because different schemata would lead to different image features, or vice versa.
Consistent with this prediction, the rank correlation coefficient between agree-
ment rates of IMAGESs and those of SCHEMASs was marginally significant (rs =
0.54,p < .10).

Next, we investigated how two physicians disagreed. The chi-square test us-
ing the number of each label revealed significant differences in AGREEMENT,
CORRESPONDING DISAGREEMENT, and NON-CORRESPONDING DIS-
AGREEMENT rates between IMAGE and SCHEMA [x?(2) = 13.53,p < .01].
However, the residual analysis did not detect any significant difference in AGREE-
MENTSs between IMAGE and SCHEMA. This result may suggest the necessity of
supporting the schema construction as well as the image feature search that the
previous CAD systems have supported. The differences in both CORRESPOND-
ING and NON-CORRESPONDING DISAGREEMENT between IMAGE and
SCHEMA were significant (p < .05), indicating that most of the disagreements of
IMAGEs were due to NON-CORRESPONDING DISAGREEMENTS, whereas
CORRESPONDING DISAGREEMENTS were relatively frequent in SCHEMA.
This result suggests that a method for supporting schema construction must dif-
fer from that for searching image features. However, CORRESPONDING DIS-
AGREEMENTS happened only in the cases investigated by Physicians la and
1b, therefore, the above discussion must be confirmed in future research.

Finally, we show the contents of CORRESPONDING DISAGREEMENT,
which indicate clear contradictions between physicians (Table 5). One contra-
diction is in the IMAGE of Case 1. The others concern SCHEMA, including a
disagreement on surgery methods, which might be due to a lack of information
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Fig. 1. Diagrams illustrating diagnostic processes.

in clinical history (Case 4). Cases 2 and 5 contained important contradictions on
the interpretation of lung metastases in regards to the aims of this investigation
(see Table 1).

3.2 Protocol Analysis

What makes their diagnostic results different? To answer this question, using
protocol analysis, we have to define the physicians’ diagnostic process to their
final diagnosis. However, unfortunately, we could not obtain sufficient numbers
of verbal protocols in the diagnoses by all of the participants. Perhaps this is
because our experiment was performed in a naturalistic experimental setting
where participants may have been reluctant to speak talk-aloud protocols. Thus,
in the following case study, we analyzed only Physician 1b, who provided a
sufficient amount of protocols.

We drew a diagram illustrating the diagnostic process for each case inves-
tigated by Physician 1b (Fig. 1). The vertical axes indicate time flow, while
the horizontal axes indicate the type of object, such as “a nodule in the right
upper lung” or “calcification in the mediastinum.” The white cells indicate state-
ments containing image features, and the gray cells indicate statements contain-
ing schemata. The cells framed by solid lines indicate newly verbalized image
features or schemata, while the cells framed by dotted lines indicate image fea-
tures or schemata already mentioned. The rectangular cells unified across multi-
ple cells in the same time line indicate a statement synthesizing multiple objects,
such as “this nodule is the same kind of the previous nodule.”
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Table 6. Protocol excerpts from Case 2

If anything, this is an inflammation of lung. Schema old
However, I can’t deny the possibility of lung cancer. Schema old
The inside is very strangely shaped, Image old
and opened. Image new
If this is a cancer, Schema old
the slenderness ratio is too high. Image old
An air bronchogram can be seen. Image new
Also, there are spiculas. Schema new
It may be a lung cancer, Schema old
but there are no ground-glass opacities. Image new
I suspect... inflammation. Schema old
This shadow looks like a satellite lesion. Image new

Table 7. Protocol excerpts from Caseb

I can see a shadow in S6. Image new
High-resolution CT reveals clear scragginess spiculas. Image new
there are also ground-glass opacities in the peripheral...(Snip) Image new
Lung cancer... Schema new
However, it is not a metastasis. Schema new
It may be a primary lung cancer or Schema new
tuberculosis. Schema old
Because it is in S6 where tuberculosis often occurs, Image old
I can consider the possibility of tuberculosis. Schema old
However, regarding the shape, there are spiculas Image old
and the bronchus is disrupted, Image old
so I must consider the possibility of lung cancer. Image old

Fig. 1 shows that strongly continuous protocols appeared in the second
column of Case 2 and the first column of Case 5. Here, the “old” cells in-
crease, meaning that the physician extracted image features (white cells) and
constructed schemata (gray cells) iteratively. Detailed protocols are shown in
Table 6 (Case 2) and Table 7 (Case 5). In Case 2, based on the two schemata
(cancer /inflammation), the physician searched the related features (ground-glass
opacity/satellite lesion). In Case 5, using the extracted features (S6/specula/
disrupted bronchi), he evaluated the two schemata (cancer/tuberculosis). The
process in Case 2 can regarded as a top-down process because the schemata
guided the image-feature search. On the other hand, the process in Case 5 can
be considered a bottom-up process because the image features were used to
evaluate the schemata.

The above results relate to the results in the final reports. Interestingly, the
agreement rates for IMAGE in both Case 2 and Case 5 were lower than those
in the other cases (see Table 4). Furthermore, the objects where perceptual
cycles were performed repeatedly were identical to the diagnosis on which two
physicians disagreed (CORRESPONDING DISAGREEMENT).
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4 General Discussion

Analysis of the reports revealed positive correlation between IMAGE and SCHEMA.
In the analysis of the verbal protocols we observed iterative cycles of the image-
feature search and the schema construction in the cases where disagreements
emerged. These results suggest the relation between physicians’ disagreements
and their iterative cyclic perceptual processes, implying that contradictions in
schema lead to differences in extracted image features, or that different im-
age features construct contradicting schemata. That is, the disagreements might
increase asymptotically through dynamic iterative cycles between images and
schemata. However, we cannot confirm this hypothesis because we were not able

to analyze the other’s protocols.

The most important implication of our study is that the cases of the iterative
cycles on image diagnosis were shown. Since our experimental set-up was almost
identical to that of a practical diagnosis situation, our results provide ecologically
valid evidence for the perceptual cycle theory. Findings of the cyclic process
observed in our study will be also important for studies on chance discovery. As
mentioned at the beginning, extracting features from a CT image correspond
to the discovery of an event X, and constructing a schema corresponds to the
reasoning of a cause Y. Thus, our results suggest that a future scenario S is
created through iterative cyclic interactions between X and Y.

Such discussion is consistent with recent studies on chance discovery. For
example, Suwa et al. conducted a case study on professional designer’s cogni-
tive processes, revealing interactions between the perception of new elements in
sketches and the generation of novel ideas [17]. Ohsawa et al. also proposed the
double helical model, which aims to explain the interactive process between avail-
able data and individuals’ hypotheses [18]. An important feature of the double
helical model is in proposing a method to support the discovery of chances.They
developed a “key graph” that visualizes rare correlations among multiple ele-
ments in the environment, and demonstrated that applying the key graph leads
to both discovery of a rare chance and elaboration of a hypothesis. Our results
are consistent with the above studies, showing a case of interactive processes
between data and individuals. Consequently, it should be useful to develop tools
that let physicians notice rare features in CT images, as shown by a key graph.
Our future challenge is to develop an effective method that supports the percep-
tual cycles of image diagnosis.
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